Genome-wide association studies (GWAS), relying on hundreds of thousands of individuals, have revealed >200 genomic loci linked to metabolic disease (MD). Loss of insulin sensitivity (IS) is a key component of MD and we hypothesized that discovery of a robust IS transcriptome would help reveal the underlying genomic structure of MD. Using 1,012 human skeletal muscle samples, detailed physiology and a tissue-optimized approach for the quantification of coding (>18,000) and non-coding (>15,000) RNA (ncRNA), we identified 332 fasting IS-related genes (CORE-IS). Over 200 had a proven role in the biochemistry of insulin and/or metabolism or were located at GWAS MD loci. Over 50% of the CORE-IS genes responded to clinical treatment; 16 quantitatively tracking changes in IS across four independent studies (P = 0.0000053: negatively: AGL, G0S2, KPNA2, PGM2, RND3 and TSPAN9 and positively: ALDH6A1, DHTKD1, ECHDC3, MCCC1, OARD1,  PCYT2, PRRX1, SGCG, SLC43A1 and SMIM8) . A network of ncRNA positively related to IS and interacted with RNA coding for viral response proteins (P < 1 × 10 −48 ), while reduced amino acid catabolic gene expression occurred without a change in expression of oxidative-phosphorylation genes. We illustrate that combining in-depth physiological phenotyping with robust RNA profiling methods, identifies molecular networks which are highly consistent with the genetics and biochemistry of human metabolic disease.
INTRODUCTION
Nucleic acid profiling technologies combined with systems biology and in-depth clinical phenotyping provide unparalleled opportunities to study mechanisms of human disease (1) (2) (3) (4) (5) (6) . Type 2 diabetes (T2DM), whose increased prevalence is proposed to be driven by obesity (7) , is a complex metabolic disease involving gene-environment interactions reflective of excess nutrient intake, insufficient physical activity and, potentially, ageing. A feature of T2DM is a variable loss of peripheral insulin sensitivity (IS) (8, 9) ; in humans predominantly reflecting reduced efficacy of insulin signaling ('insulin resistance', IR) in skeletal muscle and liver (10, 11) . GWAS analyses have revealed >200 genomic loci linked to phenotypes underpinning the pathophysiology of T2DM (12) . In turn, these loci provide a link to thousands of potential 'disease' genes as, by design, GWAS projects do not identify the individual gene responsible for the genetic association (13) (14) (15) . One recent T2DM GWAS analysis identified 128 markers across 113 genomic loci using 26,676 T2DM cases and 132,532 controls, with an additional ∼70,000 samples used for post-hoc validation (16) . Follow-up informatics analysis suggested these loci harbor genes that predominantly impact on insulin secretion and adipocyte or hepatocyte biology. However, estimation of the causal risk genes is currently imprecise (13, 14) , constraining the contextualization of GWAS results, such that additional lines of evidence to help identify the most likely 'disease gene' at otherwise validated loci, is warranted (15, 17) . Recent efforts to apply expression quantitative trait loci (eQTL) analysis to the genomics of metabolic disease has yielded limited progress (18) , and this probably reflects the reported assumptions limiting the sensitivity of eQTL analysis (19) , as well as suboptimal tissue transcriptomics.
We hypothesized that processing of raw data from the Affymetrix HTA 2.0 array (37) would benefit greatly from optimization, to more efficiently detect gene expression, as currently no account is made of study specific probe performance. The HTA 2.0 gene-chip contains 6.9 million short 'probes' which are computationally combined into groups (probe-sets) representing individual RNA transcripts (or part of a transcript) using a 'map' named the chip definition file (CDF). The CDF combines probe signals irrespective of whether each probe represents an active 'signal' in the tissue or cell type being profiled or not (27, 36, 38, 39) , i.e. there is no probe-level filtering. This in turn suggests that the present signal 'summarization' process is inefficient as it will include poor performing probes and unnecessarily incorporate back-ground noise. More accurate determination of transcript expression, coupled with studies incorporating larger sample sizes should allow for the establishment of the first robust IS RNA signature in humans.
The first step in our approach was to check the sequence specificity of the 6.9 million probes on the HTA 2.0 array (39) . The physical design of each probe is fixed and incorporates the features of the reference genome used at the time of design and thus each probe must be discarded if it is no longer specific. We mapped probe sequences to the latest reference genome (GRCh38 82p3) using bowtie (40) and probes which did not map to a single genomic location were discarded. Secondly, using the aroma.affymetrix package (41) we assessed the signal characteristics for each probe and those probes with a low and variable signal (e.g. <10 units and co-efficient of variation >25% (for muscle)) were removed. This process was applied to each tissue type investigated. The ∼50,000 probes that have an extreme GC content (i.e. <20%, >80%) were also removed, because the GC adjustment model is not linear at these extreme values. The remaining probes were combined into 'probe-sets', with three probes or more, and production of this 'experiment specific' CDF resulted in the removal of ∼3 million probes, i.e. >40% of the original chip. Notably, this filtering still allows for >200,000 transcripts (across the tissue types examined in this project). In the present analysis, each probe-set was based on ENSEMBL ENST definitions, and R Bioconductor packages (42) were used to update, assemble and summarize the expression data. We also included an exon specific probe-set, based on a recent observation that the RYR1 gene has one additional variant, which lacks a short 15 bp exon (ENSE00002436759), that correlated with a structural feature of muscle ('fiber' type) (43) .
The HTA 2.0 chip processed with this new muscle CDF yielded 169,769 ENST probe-sets (This CDF is provided at GEO). Notably, the discarded probes (e.g. signal <10 units in this example) would have been otherwise incorporated into probe-sets that had an average signal of ∼70 units, i.e. ∼7 times greater than the poor performing probes (Supplemental Figure S1A ). Use of a 'tissue-specific' CDF map for quantification of the transcriptome should reduce the influence of back-ground noise during normalization (44) . Indeed, use of this muscle CDF improved detection of differentially expressed 'exercise' genes ∼3-5-fold above a (2,22,37,38,46,50-54,,56) . The present project involved the production and analysis of 470 new samples profiled on the HTA 2.0 Affymetrix platform along with 144 new samples profiled on the Illumina 12 platform; and 466 of our previously published (22, 37, 53, 54) U133+2 muscle RNA profiles and literature cohorts (where appropriate clinical data was available). The HTA 2.0 platform was processed with a 169 796 probe-set CDF (ENST), representing ∼18 000 protein-coding genes and ∼16 000 non-coding genes. The older array platform offered an opportunity to replicate protein-coding gene expression with 73 654 probe-sets (ENST) being common to the HTA 2.0 platform. All samples and clinical data underwent a rigorous quality control check to ensure that the microarray profile was technically robust (minimal variation in NUSE score), and the insulin and glucose values were within the operating range of the HOMA2-IR model (10) . Less than 10% of any project samples were lost to lack of one of these two components. The HOMA2-IR model requires either ELISA (more specific insulin determination) or RIA (less specific) in p.mol.l and glucose in mmol.l and incorporates non-linear features of the glucose-insulin relationship. The HOMA2-IR is a bona fide physiological model for peripheral insulin resistance correlating with other more precise but less physiological models (10) . We utilized the log 10 transformed insulin sensitivity values (S%) as the input values for the linear covariate adjusted modeling of peripheral insulin sensitivity. A meta-analysis of the individual covariate adjusted P-values was aggregated using the Stouffer method and an FDR calculated (60). This process identified ∼1000 genes related to S%, of which >300 were consistently (directionality) regulated; yielding a 'core fasting insulin sensitivity gene list' (CORE-IS). Having identified this reproducible set of S% genes, the causal nature of these genes during dynamic regulation of S% was investigated using clinical intervention studies (22, 37, 53, 54) and systems biology methodologies (data-driven co-expression analysis (77, 136) ; protein-protein interaction databases (137) , transcription factor binding-site analysis (63) and 'guilt-by-association' methodologies (138) ).
fixed FDR value, and demonstrated a high technical reproducibility for quantifying IS related genes (Pearson coefficient of determination (R 2 ) of 0.96, Supplemental Figure  S1B ). The same tissue-specific approach was used to produce CDFs for adipose tissue and islet cell datasets (37, 45) and to process previously published HTA 2.0 muscle data. Quality control was performed using normalized unscaled standard error (NUSE) and principal components analysis (PCA).
For the non HTA chip muscle data, quality control was performed as above and <10% of previously published samples were removed (or lacked valid insulin data, see below). Data generated on the U133+2 platform (predominately protein-coding RNA expression) was updated with a CDF that mapped probes to 73,654 probe-sets (ENST) in common with the muscle-specific HTA 2.0 profile. Our newly generated Illumina Human HT-12 V4.0 array data were processed using quantile normalization, as previously described (46) . Gene names were used to map results to those ENST probe-sets on the HTA 2.0/U133+2 platforms (with the highest signal being chosen when a gene was represented more than once) yielding 47,216 transcripts (equating to 31 326 genes). The new Illumina array data was produced from the 'IDEAL' cohort (46) and was used, along with three literature data-sets, for independent validation of the RNA responses to clinical treatment ( Figure 1 ). As expected the concordance of the Illumina platform results, was less than observed between probe-set based specific tissue confirmed ENSTs.
Clinical samples, insulin analysis and RNA production
The present project relied on 1,012 human muscle biopsy samples. We produced RNA from 470 human skeletal muscle biopsy samples from our recent clinical studies for profiling on the HTA 2.0 gene-chip (Metapredict (MP), STR-RIDE PD (S-PF) and TIFIN, Figure 1 ) (47) (48) (49) (50) (51) (52) . Additionally, we re-processed and updated 466 of our previously analyzed muscle gene-chip profiles (STRRIDE I and II (S1-2), Gallagher (GALL), IDEAL, HERITAGE (HERTG) and Derby Resistance Training Study (DRET), Figure 1 ) (22, 37, (53) (54) (55) . A further 176 gene-chip profiles were identified from the literature (Weigert et al. (WG) and in vivo drug treatment (SEARS) studies in Figure 1 ) (38, 45, 56) . Further, a subset of 568 muscle gene-chip profiles were paired, from 284 individuals before and after distinct clinical interventions aimed at improving IS (MP, S1-2, S-PD, DRET, IDEAL, HERTG, SEARS and WG, Figure 1 ) (38, (46) (47) (48) 50, 52, 53, (56) (57) (58) . Sixty percent of these samples were not included in the baseline fasting CORE-IS analysis (see below), and thus represent entirely independent samples from those used to discover the CORE-IS genes.
Nucleic Acids Research, 2018, Vol. 46, No. 15 7775 The clinical methodologies have been extensively presented elsewhere (22, 37, 38, (45) (46) (47) (48) (50) (51) (52) (53) (54) (56) (57) (58) . The demographics for the subjects contributing to the present analyses are presented in Table 1 (i.e. baseline data for IS modeling) and Supplemental Table S1 (clinical intervention cohorts  for clinical response modeling), and Supplemental Table S3 (for the post-hoc gender comparison). Studies complied, as per the original publications, with the 2008 Declaration of Helsinki and were approved by the relevant ethics committees stated in each published clinical article, while all participants gave their written, informed consent to participate.
To produce the new HTA 2.0 array profiles, RNA was isolated using TRizol ® (Life Technologies) and dissolved in 20 l RNAse-free water, processed to single-stranded sense fragmented DNA using the GeneChip ® WT PLUS Reagent Kit, which relies on a reverse transcription priming strategy that primes both poly-A and non-poly-A RNA. HTA 2.0 gene-chips were processed according to the manufacturer's protocol. Fragmented (5 g) end-labeled sense strand target cDNA was hybridized to each array and scanned using a Gene Chip Scanner 30007G (Affymetrix Core, MPI A/S, Denmark). From the RNA processed, <5% of samples were excluded as outliers by visually evaluating NUSE plots prior to down-stream analysis. The technical reproducibility for detecting regulated genes was assessed by running RNA samples from the same subject/time-point several months apart and examining the correlation coefficient, without adjustment for any potential batch effects (Supplemental Figure S1B ). For the Illumina Human HT-12 V4.0 arrays (Nestle Research Center, Lausanne, Switzerland) RNA was isolated from the skeletal muscle tissue by using TRizol ® (Life Technologies), purified using the Qiagen RNeasy Micro kit (Qiagen, Venlo, NL, USA) and RNA quality was checked using an Agilent 2100 bioanalyzer (Agilent Technologies, Amsterdam, NL).
There are numerous assays for insulin, each with their own performance characteristics (59) . For one-hundred and ninety-one subjects (MP+S-PD studies) plasma insulin values (high-sensitivity, enzyme-linked immunosorbent assay (ELISA) analysis, K6219 Dako, Sweden AB) were generated in a single core-lab. The Gallagher et al. study (22) also utilized a high-sensitivity ELISA (Dako Sweden AB), while the DRET study used a high-sensitivity ELISA from DRG Instruments (GmbH, Germany). The TIFIN study used the less sensitive radioimmunoassay (RIA, LINCO/Millipore), as did STRRIDE I/II (Access Immunoassay System, Beckman). IDEAL used a RIA (Architect System, Abbott Laboratories). Glucose values were determined with an oxidation reaction (YSI-2300 Stat Plus, Yellow Springs Instrument, Yellow Springs, OH). No individual insulin values were available from the published studies of Sears or Weigert et al. (38, 56) . All samples/subjects from our laboratories underwent updated quality control to ensure that the array profile was technically robust and that the insulin and glucose values were within the operating range for the HOMA2-IR model (10) .
For the cell-culture RNA studies, ∼20 000 HepG2 cells (hepatocellular carcinoma cell line) cultured in OPTIMEM (Gibco) were transfected (96-well plates) with 20 nM of ASO (Integrated DNA Technologies; Supplemental data S1) using Lipofectamine 2000 (Thermo Fisher Scientific) for either 24, 48 or 72 h. RNA isolation and DNase treatment were performed by RNeasy Mini Kit (Qiagen, USA), in accordance to manufacturer's instructions. RNA quality and concentrations were determined by Nanodrop 2000 (Thermo Fisher Scientific, USA). Twenty nanograms of RNA were reversely transcribed using the High Capacity cDNA Reverse Transcription Kit (Thermo Fisher Scientific, USA), according to manufacturer's recommendations. qRT-PCR (primers, Supplemental data S1) was performed on a QuantStudio 6 Flex machine (Life Technologies) using probe-based assays (Integrated DNA Technologies, USA). Data was scaled to GUSB and PPIB and were expressed relative to cells treated with a commercial control ASO.
Primary statistical analysis of gene expression
A table of normalized, log 2 transformed RNA expression values was produced for each of the studies described above. First, we assessed the linear relationship between geneexpression and IS (log 10 of the HOMA2 model S% values, (10)) together with age or BMI (Table 1 ), using analysis of variance (ANOVA) in R (i.e. using the following linear models in R: expression ∼ IS*age and expression ∼ IS*BMI). A correlation coefficient (R) and P value were calculated for each probe-set in the two bivariate analyses per study. Second, to produce a 'significant' sub-set of IS genes, we carried out a meta-analysis of each bivariate analysis across six clinical cohorts (n = 564, Figure 1 ), including the 73 654 ENST probe-sets common to all chip-types (99% of which were protein-coding), generating a false discovery rate (FDR) for each bivariate model separately, using the Stouffer method, in the R-package MetaDE (60), from the ANOVA P-values.
Third, any probe-set with an FDR <10% was filtered by univariate regression coefficient such that only those with a directionally consistent R value across the four largest studies was retained. This resulted in the set of 'CORE-IS' genes with a much lower average FDR. Post hoc analysis and interpretation of these findings considered gene-expression versus IS, when a covariate, e.g. BMI, was set as the primary variable in the ANOVA model (i.e. using the following linear models in R: expression ∼ BMI*IS). Further interpretation of the CORE-IS genes was based on gender dependent expression using a group of males and females (n = 89 per group) where HOMA2 IR, age and peak VO 2 were balanced (Supplemental Table S3 ). The limma packge in R (eBayes and lmFIT functions) was used to determine DE with P-values adjusted using the fdr method (61) .
For the ncRNA analysis there were a total of 282 HTA 2.0 profiles available. The analysis was performed as described above (i.e. using the two bivariate models, followed by filtering) for the combined S-PD and MP HTA 2.0. based studies ( Figure 1 , SMP, n = 191). Similar to the protein coding genes above, only ncRNAs with an FDR less than 10% (Benjamini-Hochberg FDR using the mult-test R package) for IS in both models and with a consistent (direction) R value in two studies; S-PD (n = 67) and MP (n = 124) were considered (93% were consistent). A third cohort consisting of older-subjects (65-95 years) was profiled on the HTA 2.0 array (TIFIN, n = 91, Figure 1 ) was used to further explore identified ncRNAs by comparing coefficients from univariate models. 52% of the IS relationships being con- Table 1 . Demographics of the clinical cohorts used for establishing the fasting peripheral insulin sensitivity transcriptome (2, 22, 37, 46, 50, 51, 53, 54) . The HTA 2.0 gene-chip platform data represent entirely new data while the U133+2 gene-chip data reflects our prior data, updated and re-processed. Values are median (range) or adjusted R 2 using lm in R. VO 2 peak is a measure of peak oxygen consumption or 'maximal' aerobic capacity, and the units are ml min −1 kg −1 , fasting glucose is m mol l −1 , fasting insulin units are pmol l −1 , while BMI and HOMA2-IR are unit-less and IS is percentile insulin sensitivity calculated from the HOMA2-IR model (10) . VO 2 peak is a trait that is highly inherited but also influenced by behavior (intensity and volume of physical activity) S-PD+MP LVL-OLD GALLAG DRET S1-2 sistent between the younger cohorts (S-PD and MP) and this older cohort. It was expected that there would be some differences due to both the impact of population stratification and potential interactions between IS and muscle age (62) . The identified 86 ncRNAs completed the 332 CORE-IS gene list that was taken forward for validation and modeling. Individual CORE-IS genes that causally regulate IS, should respond to treatments that prevent T2DM. We utilized both differential expression (DE) analysis using limma (61) and Spearman rank correlation on data from six distinct life-style intervention studies (three independent of the groups above, IDEAL, HERTG and WG) and separately, one diabetes drug treatment study (SEARS). For DE, P-values were subjected to meta-analysis and a Stouffer FDR was calculated as above (60) to establish which genes were consistently regulated across each (very distinct) life-style intervention study. For each of four studies with valid individual insulin measures (MP, S1-2, IDEAL and DRET, Figure 1 ), log 2 fold changes were calculated for the 332 CORE-IS genes and their correlation (Spearman) with changes in IS, per subject was calculated. DE was also calculated in a seventh drug-treatment study (56) , where paired t-tests were used to examine if the CORE-IS genes were responsive to 12 weeks of treatment with a PPAR␥ agonist (The authors (56) would not provide individual clinical values). Transcription factor binding site analysis was carried out using SSA in oPOSSUM (63) , with the 24,752 genes in the database as background (JASPAR CORE profiles (64)). Conservation cut-off was set at 0.6 and a matrix score threshold of 85%, searching 10K up-and downstream of each CORE-IS gene transcription start site. Results were interpreted in light of the outcome found by analyzing the entire CORE-IS genes and the treatment modulated DE IS list, such that enrichment over these larger lists was considered interesting and results plotted (using Gviz, biomaRt and GenomicRanges packages). Heat-maps were generated using Morpheus (https://software.broadinstitute. org/morpheus/).
Validation using published literature and GWAS analysis
To compare the CORE-IS genes identified in the present study with GWAS-MD loci identified during the past decade, we utilized three main resources from the GWAS research community; the Type 2 Diabetes knowledge portal (www.type2diabetesgenetics.org/home/portalHome) which includes many phenotypes beyond T2DM, and the NHGRI-EBI Catalog (www.ebi.ac.uk/gwas/home), together with gene lists presented in the most recent GWAS-MD publications (7, 16, (65) (66) (67) (68) (69) (70) (71) (72) (73) (74) (75) (76) , i.e. those that recently reported genetic associations for risk of development of T2DM, insulin action (IS [insulin or HOMA IR], fasting glucose, fasting lipids [HDL, LDL and triglycerides] and body composition [BMI or adiposity]). The NHGRI-EBI Catalog and published gene lists were included at the 5 × 10 −8 GWAS significant threshold. The Type 2 Diabetes knowledge portal provides three demarcations for significance; 'GWAS-level' 5 × 10 −8 , 'suggestive association', 5 × 10 −4 and 'red' indicating that the loci was non-significant for any GWAS phenotype. A systematic literature review, whereby the CORE-IS gene name was searched with and without the terms; 'insulin', 'diabetes' or 'obesity' (Pubmed, June 2017) followed by an extensive assessment of whether a direct biochemical interaction had been reported, was recorded (see below and Supplementary files).
Gene-network structure and pathway analysis
As we produced continuous quantitative data, for gene expression, from significant GWAS loci, we could utilize probabilistic network analysis incorporating inferred causal relationships between molecules and disease (4,5) to explore the biology of IS. The R-package MEGENA (77) was used to identify network structures within the largest and most detailed sub-group (SMP, n = 191, HTA 2.0 data and singlecore high-sensitivity insulin assay). Our aim was to characterize the interacting components of the CORE-IS genelist (78) , determine if they formed significant sub-networks using strict thresholds (FDR < 1% for Spearman correlation; P < 0.01 for module significance and P < 0.01 for network connectivity; and 1000 permutations for calculating FDR and connectivity P-values). Stability of individual sub-clusters of a network was assessed based on the impact of a data-split on compactness on a parent cluster, versus the impact of randomly permuting or inserting nodes. Network plots were produced using Fruchterman-Reingold force-directed plotting (77) within MEGENA. Each presented significant network was populated with visual identifiers (color-coded circles) for GWAS-MD loci.
Interpretation of each significant network or module was carried out in several ways. Firstly, using NetworkAnalyst (http://www.networkanalyst.ca/) and the IMEx Interactome curated protein-protein interaction database (79) . Each gene list was analyzed using default settings and minimum order network was chosen for gene ontology analysis (GO, Biological Process, GOBP). Enriched GOBP, with FDR < 1 × 10 −5 , were considered of interest. For each analysis, the result was confirmed after removing Ubiquitin because we noted it appeared as the highest ranked gene ('betweeness' score) in every protein interactome, regardless of the input gene ID list (probably reflecting technology bias, (33)). To further describe each network module, summary statistics were calculated for the proportion of ncRNAs, number of positively associating IS genes, the sub-phenotypes underlying the link with the GWAS-MD loci, and the number of genes responsive to interventions. Finally, for significant modules (e.g. treatment responsive genes) TF analysis (as above) and guilt-by-association (GBA) analysis, was performed (80) . For the latter, the 'Genefriends' human transcriptome database (81) was used to help locate additional links between CORE-IS genes, pathways and metabolic disease GWAS loci.
RESULTS
A total of 326 pre-intervention new muscle samples were profiled on the HTA 2.0 gene-chip (MP, S-PD and TIFIN, Figure 1 ). We updated the processing of 424 of our previously published muscle gene-chip profiles (Affymetrix U133+2 gene-chip [S1-2, GALL, DRET and HERTG, Figure 1 (2, 22, 37, 46, 50, 51, 53, 54) ] and several literature-based cohorts (38, 53, 56) .
Identification of a robust set of genes which covary with fasting peripheral insulin sensitivity
To produce a high-stringency set of IS related protein coding genes, we performed meta-analysis of 564 samples originating from these six independent cohorts (73,654 ENST, on HTA 2.0 arrays (two studies) and U133+2 arrays (four studies), Figure 1 ). Each study had a comparable distribution of IS (Supplemental Figure S2 ) and clinical characteristics ( Table 1 ). The P-values derived from the relationship between RNA abundance and IS in each of six studies were subjected to meta-analysis using the Stouffer method (60) identifying 1005 protein coding genes (mean FDR = 1.7%). To be considered further, the R value for RNA expression versus fasting IS had to have a consistent directionality across the four largest cohorts. This led to the identification of 246 protein-coding genes, forming part of the CORE-IS gene list (Supplemental data S2).
The majority of the detectable ncRNAs in muscle were classed as 'antisense' or 'lncRNA' molecules ( Figure 2A ). To examine which lncRNAs were related to IS, we utilized three sub-cohorts of muscle data produced on the HTA 2.0 array ( Table 1 , n = 282) and found 86 ncRNA associated with IS (Mean FDR = 5%). Half of these were classed as 'antisense' or 'lncRNA' molecules and were largely consistently expressed in S-PD and MP cohorts, (Figures 1 and 2B); but less so in the cohort of older subjects (TIFIN, n = 91). To compare the expression pattern of IS-related muscle ncRNAs to other T2DM relevant human tissue-types, we produced tissue-specific HTA 2.0 CDFs for adipose tissue (37) and human pancreatic cells (45) . The majority of the muscle IS-related lncRNAs were expressed at comparable levels in human adipose and islet-cells (Supplemental data S3, and Figure 6 below), so they may plausibly impact on insulin biology and metabolism across multiple organs.
Approximately half of the IS lncRNAs had cis-expressed transcripts, most of which were protein-coding (Supplemental data S3). Approximately 30% of these lncRNAs demonstrated a sizeable positive or negative co-expression pattern, across 191 samples, with their cis protein coding partner; these included LINC-PINT, HOXB-AS3, TMEM191A and PRKCQ-AS1 ( Figure 2C ), a natural antisense for the diabetes drug-target PRKCQ (codes for PKC-) (82-85). We initially sought to study three antisense lncRNAs in vitro: PRKCQ-AS1, NPSR1-AS1 and RP11-582J16.4 (AC037459.2). All were robustly expressed in both normal hepatocytes and HepG2 cells (insulin target cells) but the partner of NPSR1-AS1, NPSR1, was not detected in vitro and thus only PRKCQ-AS1, and AC037459.2 were studied. For each lncRNA, four phosphorothioate antisense oligonucleotides (PS-ASO) were designed. The PS-ASOs did not reduce the expression of AC037459.2. All four PS-ASO targeting PRKCQ-AS1, however, provided ∼50-60% knockdown in the HEPG2 human liver cell line, resulting in increased expression from the cis-expressed proteincoding gene, at the time-points examined Figure 2D) . Given the role PRKCQ plays in insulin signaling, and the extensive complexity of the transcripts expressed from the PRKCQ loci, detailed studies are merited to explore the interaction with each splice-variant and subsequence impact on cell metabolism and signaling.
CORE-IS list is composed of genes with biochemical and genetic links with type 2 diabetes
An extensive literature review, searching for a substantial link between the CORE-IS genes and insulin, diabetes or obesity provided overwhelming support for the validity of our ENST-based analysis (Table 2; for the citations see Supplemental Table S2 within the supplemental materials document). We subsequently established that this subset of literature supported IS genes demonstrated the strongest univariate linear relationship with IS, as a sub-group of all CORE-IS genes (P < 0.03, Bonferroni corrected t test). To further explore the CORE-IS list we considered the hundreds of genomic loci that have been linked to the risk of developing T2DM or associated with variation in insulin, BMI or glucose homeostasis (7, 12, (72) (73) (74) (75) (76) 86, 16, (65) (66) (67) (68) (69) (70) (71) . For the majority of these loci it remains unclear which gene )). The majority of non-coding RNAs (ncRNAs) identified in human muscle were classed as either 'anti-sense' molecules or long non-coding RNA (lncRNA). (B) We utilized three clinical cohorts (n = 282), with varying ranges of chronological age, to examine which ncRNAs were related to insulin sensitivity (IS). Eighty-six long ncRNA associated with IS, the majority (43) being either antisense or lncRNA ( Figure 2B , See Supplemental data S3). The vast majority of these were also expressed in adipose and pancreatic cells (in vitro beta cells, Supplemental data S3) indicating they could influence insulin biology across multiple organs. The relationship between each ncRNA and IS was largely consistent in the three sub-groups, with greater variability noted among the oldest subjects, which may reflect population stratification (62) . LncRNAs like NEAT1 and MALAT1 were very highly expressed and regulate gene expression via interactions with chromatin (139) (or genes, given the potential for linkage disequilibrium (LD)) represent the causal link (14) . Overlaps between the CORE-IS gene list and these GWAS-MD loci would further substantiate our analysis but more importantly help identify which gene underlies the reported genetic association. Indeed, at least 45 of the 332 CORE-IS genes originate from GWAS-MD loci at a genome wide significant level (P < 5 × 10 −8 ), while a further 180 have suggestive associations according to www.type2diabetesgenetics.org/home/ portalHome (see Materials and Methods, Table 2 and Supplemental data S4). The majority of genes linked to either risk of T2DM or risk of Obesity, with a smaller number to more discrete phenotypes (fasting insulin, fasting glucose or circulating lipids--reflective of smaller GWAS samples and/or phenotypes with greater random and technical error) ( Figure 3A ).
Substantial differences in age, aerobic fitness etc. between T2DM cases and controls, especially in combination (23, 24, 87) , will yield gene expression differences inappropriately assigned to T2DM or IR, as well as potentially ob-scuring genuine differences. For some, but not all, of our cohorts, age or BMI modestly covaried with IS (Table 1) . When examining the results of the ANOVA analysis after first considering the co-variate ('adjusting'), there was no overall impact of Age on IS gene selection except for some slight reductions the FDR achieved for some mitochondrial genes ( Figure 3B ). Notably, there was no IS dependent expression pattern for oxidative phosphorylation (OXPHOS) genes regardless of which ANOVA model was used (Figure 3B) . In contrast, when BMI was utilized to 'adjust' the ANOVA model for IS, a number of CORE-IS genes were removed ( Figure 3C) while an additional 33 genes passed the FDR threshold (Supplemental data S4), of which seven occurred at GWAS significant loci for obesity or blood lipids, but none for the other phenotypes. The genes lost from the CORE-IS, when the ANOVA model assigned covariance between IS and BMI to the covariate, included nine genes from Obesity risk loci, eight genes from T2DM risk loci and two others. This demonstrates that neither approach to linear modeling is fully compliant with the complexity of the 22), partly reflecting the greater number of such loci, over those known to influence fasting insulin or glucose. See Table 2 for details of ∼180 genes; for what the Diabetes consortium defined as marginal GWAS loci (5 × 10 −4 ). (B) When the relationship between IS and RNA is studied using ANOVA and a covariate, e.g., age or BMI, the model yields P-values for both variables, where the outcome depends on the order in the linear model and the inter-relationship between IS and Age/BMI. The log 10 false discovery rate (FDR) values (using the Stouffer method and a calculated FDR (60)) are plotted for three gene-sets (CORE-IS ENST, mitochondrial located genes and the Mootha et al. (26) defined OXPHOS gene-set) from the two different models, IS*age and age*IS. As can be seen, the vast majority of CORE-IS genes remain significant when adjusted for age (i.e. age*IS) as compared to IS*age, but with a small systematic loss in statistical significance. There are only two significant OXPHOS genes, one down-regulated with better IS, and one of which is related to an interaction with age. (C) The log 10 false discovery rate (FDR) values are plotted for three gene-sets (the CORE-IS ENST, mitochondrial located genes and the OXPHOS gene-set) from the two different models, IS*BMI and BMI*IS. As can be seen, there is a systematic loss in statistical significance when BMI is adjusted for (BMI*IS) in the model as compared to IS*BMI. Approximately 38% of the CORE-IS protein coding genes FDR-values are no longer significant when BMI is considered first, in the ANOVA Type I model, while a further 33 are identified, with a proportionate gain in new GWAS-MD loci (mainly for BMI or Obesity) when this alternate model is used.
biological relationship between BMI and insulin as the second ANOVA model enriched the IS correlated gene list with genetic loci associated with obesity rather than insulin. Finally, the lack of any relationship between OXPHOS gene expression and IS (26) supports recent mechanistic studies dissociating OXHPOS status and insulin signaling (88) . We did, however, observe the expected univariate correlation of OXPHOS genes with chronological age and aerobic capacity.
Response of the CORE-IS genes to therapeutic clinical interventions
Supervised exercise-training (with or without calorie restriction) can improve IS in humans, and is considered a primary prevention strategy for reducing risk of T2DM (89) . Thus, if the CORE-IS genes are responsible for regulating peripheral insulin sensitivity, treatment should cause differential expression (DE) of the CORE-IS RNA in muscle. Six independent life-style intervention studies (Supplemental Table S1 ) were used for meta-analysis and an FDR was calculated (60) (Figure 1) ). We found that at least 135 (>40%) of the protein-coding IS-CORE genes were differentially regulated in the clinical intervention studies (metaanalysis FDR < 5%) and in a consistent direction ( Figure  4A , Supplemental data S5 and Supplemental Figure S3 ). Further, in a seventh study where 12 weeks of PPAR␥ agonist drug-treatment improved IS (56), 70 protein coding IS genes were DE (P < 0.05 using a t-test, Supplemental data S5, i.e. ∼29% of the detected CORE-IS genes). In the two clinical intervention studies where HTA 2.0 array-data were available, 20 of the CORE-IS ncRNAs were DE by treatment (Supplemental data S5). Thus, there is substantial evidence that the CORE-IS genes are regulated by life-style interventions aimed at treating and/or preventing T2DM. While DE analysis further supports a direct role for the CORE-IS genes regulating IS in humans, the most important regulators of IS are likely to be regulated in proportion with the change in clinical status. Individual pre-and post-intervention IS values were available for four of the intervention studies. Spearman rank correlation coefficients were calculated for delta CORE-IS geneexpression versus delta IS, identifying 16 genes consistently regulated in proportion with the clinical improvement in all four independent studies ( Figure 4B , cumulative binomial probability, P = 0.0000053) and, critically, in a directionally consistent manner with the fast IS relationship. These 16 genes segregated into two clusters, one positively (DHTKD1, SLC43A1, PCYT2, MCCC1, SGCG, ECHDC3, ALDH6A1, SMIM8 and OARD1) and the other negatively associated (PGM2, RND3, G0S2, AGL, TSPAN9 and KPNA2) with improvements in IS. PPAR␥ agonist drug-treatment collectively tended to influence these 16 genes more than the average across the entire CORE-IS gene list (median P = 0.07 versus P = 0.18). Con- (48, 50) and is considered the primary tool to reduce the risk of developing type 2 diabetes. If the Core-IS genes regulate IS they should respond to clinical interventions and do so in a manner consistent with the observed improvement in IS. (A) Differential gene-expression for 332 Core-IS genes was calculated, across six intervention studies (three were independent of the baseline IS analyses), P-values aggregated using the Stouffer method; and a false discovery rate (FDR) was calculated (60) . Approximately 40% of genes were differentially regulated (FDR < 5%) by treatment, and critically in a direction consistent with their observed relationship with fasting IS, and despite the highly divergent nature of the exercise/life-style modification interventions. (B) The relationship between the magnitude and direction of CORE-IS gene expression and the magnitude and direction of IS responses to clinical intervention were calculated using Spearman rank correlation. Individual HOMA2-derived IS were not available for the HERTG (insulin assay) or the Weigert et al. (38) (data availability) studies. This lead to the identification of a subset of 16 genes, from ∼250, that were consistently correlated with change in IS, in all the four independent studies. The 16 genes segregated into two subsets--one (DHTKD1, SLC43A1, PCYT2, MCCC1, SGCG, ECHDC3, ALDH6A1, SMIM8 and OARD1) positively associated with improvements in IS, and one (PGM2, RND3, G0S2, AGL, TSPAN9 and KPNA2) negatively associated. Many CORE-IS genes, especially belonging to network 1 and 2 ( Figure 5 and Table 3 ) were also, on average, DE following 3 months of a PPAR␥ agonist (Supplemental data S5, (56)) -unfortunately no individual IS values were accessible from the authors to study the quantitative correlative relationship with IS. served transcription factor (TF) binding-site analysis (63) identified RREB1 and INSM1 binding-sites (Z-score 13.9 and 11.6) in the 16 genes activated in proportion to the improvement in IS (Supplemental Figure S4 ). These binding sites were not enriched in the (larger) set of 'all exerciseresponsive' CORE-IS genes nor in the entire 332 Core-IS gene list (Supplemental data S6), suggesting a more specific relationship with these 16 IS genes ('Delta-IS'). In the two studies examining ncRNAs, some changed in proportion to clinical improvements (e.g. RORA-AS2, SNORA70, AL136979.1, PRKCQ-AS1, SNORD83A, ATP13A4-AS1 and NPSR1-AS1). In each case the pattern of change was positively correlated with changes in fasting IS (Supplemental data S6).
The treatment regulated CORE-IS genes can be further investigated by 'guilt-by-association' (GBA) analysis (80), relying on completely independent data (81) . We tested the hypothesis that the nine CORE-IS genes positively correlated with a change in IS in intervention studies and the transcription-factors distinctly associated with this subset of Delta-IS genes, could regulate an additional 'layer' of genes responsible for regulating IS. Multi-tissue (81) anal-ysis identified 52 genes (P < 1 × 10 −6 ) co-expressed with Delta-IS genes (Supplemental data S7). This 52-gene subset was 77-fold enriched for branched-chain amino acid (BCAA) catabolic genes (P < 1 × 10 −5 ) located in the mitochondrial matrix, and included nine additional GWAS-MD loci beyond the 45 already in the CORE-IS list (ALDH2, C3, CD36, HNF4A, HMGCS2, KHK, IDH2, RREB1 and SERPINA6 (65)). The cluster of genes covarying with the 7 negatively correlating Delta-IS genes contained a further two GWAS-MD loci (SLC2A4 and PPARG). Thus, both the GBA analysis and the CORE-IS analysis identified genes linked to GWAS-MD and in particular, catabolism of BCAAs (valine, leucine and isoleucine) and aromatic amino acids (phenylalanine and tyrosine). Indeed, studies from 1960 onwards have identified associations between circulating levels of BCAA and aromatic AA with IR (47, 90) . More recently, pre-clinical studies identified that catabolism of valine may act as a signal to promote muscle lipid uptake (91) . Here, we show that altered muscle gene expression in the AA catabolic pathways occurs in the absence of any systematic loss of mitochondrial OXPHOS gene expression (Figure 3B) . (80) used GeneFriends (81) . *when using a database for GBA analysis, it is expected that co-correlation will occur between gene expression from the input tissue type (regardless of physiological status), and with genes in that tissue type within the data-base. This is a type of sampling bias that skews Gene Ontology analysis when inputting large lists from distinct tissues (in this case skeletal muscle).
Networks analysis reveals the inter-relationship between the GWAS-MD enriched IS genes
We next examined if the CORE-IS genes formed robust networks, and if protein-protein (P-P) interaction analysis, relying on further independent data (79), would demonstrate that each 'gene' network contained proteins known to physically interact (78) . Typically, genes from validated GWAS loci are used to weight nodes within gene-expression networks (5) , however, in this case we used the identified RNA-RNA network relationships to gain insight into how GWAS-MD loci genes may interact, within the quantitative and continuous framework of RNA abundance. Moreover, this strategy allowed us to associate ncRNAs (mostly of unknown function) with specific proteins and hence biochemical pathways. Using MEGENA (77) we identified seven discrete planar filtered networks (Table 3 ) (n = 191, FDR <1% for Spearman correlation; P < 0.01 for module significance and P < 0.01 for network connectivity). The largest discrete planar filtered network contained 87 CORE-IS genes (13% ncRNA) with an enrichment in genes negatively co-varying with in vivo IS (64%, cf 30% of all CORE-IS genes demonstrated a negative covariation with IS, Table 3 and Figure 5a ). Protein-protein interaction analysis characterized the function of the protein-coding members of a minimum network (79) as 'hormone signaling including Insulin' (Table 3) ; and included the insulin-receptor, itself. This network contained 7 (ALDH6A, DHTKD1, KPNA2, MCCC1, PCYT2, PGM2 and RND3) out of the 16 CORE-IS genes regulated proportionately to changes in IS across four clinical studies. Remarkably, ∼50% of these protein-coding genes were also DE following anti-diabetes drug-treatment (56); including ALDH6A DHTKD1, PCYT2 and RND3 (this compares with <5% of the transcriptome responding to drug -treatment (56)). A module centered around ALDH6A (encoding methyl-malonate semi-aldehyde dehydrogenase), a protein which catabolizes valine. Closely co-expressed with ALDH6A, was the insulin-receptor, and MCCC1 (methyl-crotonoyl-CoA carboxylase 1, which is involved in leucine catabolism (92, 93) ), and AASS (alphaaminoadipate delta-semialdehyde synthase, which catabolizes lysine). DHTKD1 (dehydrogenase E1 and transketolase domain containing 1) also catabolizes amino-acids, as does ALDH1L1. In each case, greater (BCAA catabolising) gene expression was associated with better IS. Seven members of the network overlapped with genes from GWAS significant Obesity loci ( Figure 5A , brown circles) and five were from GWAS significant T2DM-risk loci (blue circles). Many of the remaining members of the network are involved in metabolism; with clear roles in T2DM (glycolysis or glycogen break-down, LDHB or PGM2). Thus, the first discrete network is strongly modulated by all clinical interventions, and biochemically linked to amino-acid catabolism.
The second discrete network (81 genes) was composed of 22% ncRNA (Table 3 and Figure 5B ) and was predominantly negatively associated with IS (75%). A third of the protein-coding components were responsive to PPAR␥ agonist drug-treatment (56); P-P interaction analysis indicated the network included genes involved with 'positive regulation of metabolic process' (FDR < 1 × 10 −7 , 2.3fold enriched (FE), n = 44 genes) and 'positive regulation of nucleobase-containing compound metabolic processes' (Table 3 ). Five members of the network overlapped with genes from GWAS significant Obesity loci ( Figure 5B , brown circles) and 6 were from GWAS significant T2DMrisk loci (blue circles) with one at a GWAS loci associated with lipids (gold circle). CCDC69 is a network 2 hub gene (coiled-coil domain containing 69, a cytokinesis protein (94)) and it regulates the cell-cycle, as does the GWASlinked CDK2AP1. Given that the majority of skeletal muscle nuclei are post-mitotic, the gene-environment interactions and/or genetic influence we note in muscle may also be reflective of events in other tissue-types, e.g. ß-cells and/or Nucleic Acids Research, 2018, Vol. 46, No. 15 7783 Figure 5 . Treatment-responsive IS networks regulate human peripheral insulin sensitivity and link to metabolic disease risk genes. Probabilistic networks have been utilized to establish a causal relationship between molecules and disease (5) . We utilized the dynamic response to diverse forms of treatment adipocytes. Indeed, the lncRNA LINC02210 expression in muscle is positively related to IS but more highly expressed in ß-cells as compared with muscle or adipose tissue (Supplemental data S3). In sum, this second network appears to reflect reduced activity of processes that may ultimately reflect muscle use: muscle remodeling and substrate cycling as 47 genes were differentially expressed by exercise.
The third network (Supplemental Figure S5 ) contained eight genes from loci identified in T2DM and insulin sensitivity GWAS, with a further three linked with obesity and fasting glucose GWAS loci. While 66% of genes had a negative relationship to IS, there was no enrichment in ncRNA (20% ncRNA). P-P interaction analysis contained 33 protein-coding genes involved with the 'positive regulation of cellular metabolic processes, signaling' (FDR < 1 × 10 −5 , 2.3 FE) and 'interaction with host' (Table  3) . Interestingly, the majority of this network was nonresponsive to ('resistant') PPAR␥ agonist treatment (56) . However, it did contain 4 genes out of the 16 genes regulated in vivo following therapeutic lifestyle interventions ( Figure  4B ) in proportion to changes in IS (GOS2, AGL, LAT3 and ECHDC3). Network 3 included a number of insulinand lipid-related signaling molecules (B4GALT6, CDK14, CERS6, GRB14, FATP1, GOS2, IGF1R, NLK, SLC27A1 and SESN1) (95) (96) (97) (98) (99) (100) (101) (102) . GRB14 has been consistently linked to 'metabolic disease' and is negatively correlated (R = -0.36) with IS in the present and other published analyses (103) (104) (105) . The network also included regulators of carbohydrate homeostasis, (amylo-alpha-1,6-glucosidase, 4alpha-glucanotransferase (AGL), a glycogen debranching enzyme) which were negatively associated with IS. Downregulation was associated with improved IS following clinical intervention. Increased SLC27A1 (i.e. fatty acid transport protein 1, FATP1), a plasma membrane long-chain fatty acid transporter activated by mTORC1 signaling (98) , and less G0S2 (G0/G1 switch 2)--a negative regulator of lipase activity (and a treatment response gene)--was related to better IS, expanding the evidence base in humans, for the 'lipid paradox' and muscle health (106) . Thus, network 3 contains genes influenced by 'substrate turn-over' (exercise) rather than metabolic signaling (PPAR␥ activation) with clear links to substrate storage and utilization.
A fourth network was dominated by non-coding RNAs (70%, 34 out of the 86 ncRNAs included among CORE-IS gene list, Table 3 and Figure 6 ), and required information gained from GBA and sense-antisense protein-coding relationship analysis to provide some biochemical context. Twelve of the lncRNAs had a total of 16 antisense cis-expressed protein-coding partners demonstrating positive (6) or negative (10) co-expression (Supplemental data S3). The combination of these 16 cis-expressed proteincoding genes and the 15 protein-coding CORE-IS genes from the module were analyzed for P-P interactions (79) . This yielded a distinct interactive proteome: four gene-sets (mainly represented by the same 55 genes) were defined as representing 'SRP-dependent co-translational protein targeting to membrane', or 'viral transcription'; >60 times enriched over the genome (Bonferroni < 1 × 10 −83 ). A second group of 38, non-overlapping from the first, were defined as belonging to 'viral process' (19-fold enriched over the genome, Bonferroni < 1 × 10 −34 ). Gene ontology analysis using DAVID, confirmed these extremely enriched categories (Supplemental data S8). This ncRNAdominated network included some classic metabolic genes, (COL4A3BP --also known as CERT or GPBP), a GWAS loci gene for obesity, and a protein shuttling ceramides and diacylglycerol. Plausibly, greater CERT expression combats the negative impact of lipid molecules on insulin signaling (106, 107) and thus may help to distinguish muscle lipid profile in T2DM patients from the 'similarly' highly lipid-laden but high IS state of endurance trained muscle (108), revealing further molecular details of the 'lipid paradox' (106) .
DISCUSSION
Tissue responses to the hormone insulin (i.e. IS) underpin glycemic control in humans. Skeletal muscle is the largest target organ for insulin in humans, and in the post-prandial state insulin promotes cellular glucose transport for nonoxidative storage as glycogen. It is a striking observation that various modes of exercise or drug treatment (50, (109) (110) (111) (112) alter IS to a highly variable extent (50, 111) such that it is essential we generate greater understanding of the molecular regulation of IS. In the present study, we have established the first robust gene expression signature for IS and utilized three strategies to validate our findings and explore the functional implications of our observations: systematic literature review, quantification of responses to clinical interventions; and application of systems biology methods. We independently identified many known IS regulators, including GRB14, a receptor tyrosine kinase adaptor protein (113) which inhibits insulin signaling (105, 114) , located at
aimed at reversing insulin resistance, along with measured fasting relationships to estimate if planar filtered networks (77) derived from 191 of the younger individuals (<70yr), were enriched in genes dynamically regulated or were lncRNAs, harboring causal genetic variant related to metabolic disease, or dominated by proven T2DM disease pathways. MEGENA (77) was used to identify discrete planar filtered networks using the CORE-IS gene list as input (FDR <1% and spearman rank correlation; P<0.01 for module significance and P < 0.01 for network connectivity). Follow-up protein-protein interaction analysis (79) facilitated the interpretation of the identified networks providing additional biological plausibility to each network (78) . Node and label size are proportional to the node degree value within each distinct module. (A) represents the largest discrete planar filtered network (87 genes, 13% ncRNA and 64% negatively co-varying with in vivo fasting IS) that protein-protein interaction analysis identified as being involved with hormone signaling, including insulin, FDR<1%. This network contained 44% (7; ALDH6A, DHTKD1, KPNA2, MCCC1, PCYT2, PGM2 and RND3) of the 16 genes regulated in vivo proportional to changes in IS, across four independent treatment studies. Further, 33% of the life-style treatment-response genes (ALDH6A DHTKD1, PCYT2 and RND3) were responsive to three months of PPAR␥ agonist, given to insulin resistant subjects ((Supplemental data S5, (56) ). There were numerous significant GWAS loci for T2DM (gene ID enclosed in blue-ring) or Obesity (gene ID enclosed in brown circle). (B) The second largest and discrete planar filtered network (81 genes, 22% ncRNA and 75% negatively co-varying with in vivo fasting IS) contained genes from GWAS loci for T2DM, Obesity and Lipids (gene ID enclosed in gold circle). Twenty-five percent of this network was responsive to anti-diabetes drug treatment (PPAR␥ agonist), given to insulin resistant subjects for three months (56) . Protein-protein interaction analysis indicated that this module was enriched by genes (33 in the network, FDR < 1 × 10 −5 ) involved in the positive regulation of RNA metabolism and transcription. Figure 6 . A noncoding RNA network is positively linked to peripheral insulin sensitivity and translational control. Probabilistic networks are utilized to establish a causal relationship between molecules and disease (5) . We utilized the response to diverse forms of treatment aimed at reversing insulin resistance, along with measured fasting relationships to estimate if planar filtered networks (77) , based on data from 191 individuals, were enriched in genes dynamically regulated or were lncRNAs, harbored causal genetic variant related to metabolic disease, or dominated by proven T2DM disease pathways. MEGENA (77) was used to identify discrete planar filtered networks using the CORE-IS gene list as input (FDR<1% and spearman gene correlation; P < 0.01 for module significance and P < 0.01 for network connectivity). Protein-protein interaction analysis (79) facilitated the interpretation of the identified networks while providing additional biological plausibility to each module (78) . Node and label size are proportional to the node degree value within each distinct module. This, the fourth large discrete planar filtered network was dominated by non-coding RNAs (49 genes, 70% ncRNA, and 84% of the network members positively co-varying with in vivo IS). Thirteen of the ncRNA had cis antisense expressed protein-coding genes and these 13 genes, along with the remaining 30% protein-coding CORE-IS genes in the network, formed a protein-protein interaction network strongly associated with viral responsive protein-coding genes (P < 1 × 10 −48 ) and translational initiation (P < 1 × 10 −37 ). The network included several shorter ncRNAs, including the highly conserved 7SK ncRNA pseudogenes which are 271 to 326 base-pairs long. The function of these is unknown despite the 7SK ncRNA gene itself being described half a century ago. 7SK RNA binds to HEXIM1 to inhibit the positive transcription elongation factor b (P-TEFb)--transcript elongation (HEXIM1 is negatively associated with IS, Table 2 (140) and also regulated by a lncRNA (141) . a GWAS significant metabolic disease loci, while providing the first detailed map of the relationship between lncR-NAs and IS. We may have expected a greater number of GWAS loci related specifically to insulin, however as noted above, linear modeling does not fully capture the complex interactions between genes, insulin, obesity and risk of development of T2DM. Further, GWAS have revealed rather limited numbers of candidate loci for fasting insulin, perhaps reflecting a lack of a standard approach to measuring fasting insulin (59) across GWAS cohorts. Overall, we clearly demonstrate that quantitative modeling of RNA can reveal biological features consistent with both DNA analysis and biochemical analysis, demonstrating a close and expected (115) relationship between these three molecular universes ( Table 2) .
Biochemical and physiological influences on the molecular associates of IS
Studying the influence of associated risk-factors for T2DM, such as self-reported physical activity or diet is fraught with challenges (116) making the study of the molecular nature of IS in humans very challenging. Preliminary transcriptomics studies in muscle from T2DM patients claimed to find a specific PGC1␣-mediated down-regulation (26) of OXPHOS genes, concluding that this was a therapeutictarget for preventing T2DM (117) . However, this observation did not generalize to larger clinical cohorts (22) ; while any potential impact of loss of OXPHOS on insulin signaling has been shown to be capricious even in controlled cell models (88) . Instead, single-study observations of reduced muscle 'OXPHOS' gene expression arise because of a number of experimental covariates, including using 'control' muscle post 'hyper-insulinemic clamp'--this acutely up-regulates OXPHOS pathway transcription in healthy subjects (i.e. the 'control' samples); or when subjects are not matched for aerobic capacity, physical activity, age or any combination of the above (24, 87, 118, 119) . In fact, even in skeletal muscle, the IS signature involves a selective alteration in AA, and lipid and ketone metabolizing genes (Table 2) in the complete absence of any loss of OXPHOS gene expression (n = 564, Figure 3 ). This indicates qualitative changes in substrate metabolism, rather than a crude loss of global oxidative capacity potentially underpins the correlative relationship between circulating BCAA and diabetes (47, 120) , and this would be teleologically consistent with the high absolute oxidative capacity found in muscle (purposed for contraction, and not representing a limit to substrate oxidation rates in resting muscle).
There is evidence that males and females with T2DM suffer different clinical sequela, particularly with respect to cardiovascular disease (121) . The CORE-IS was not enriched in genes on the X or Y chromosomes; nor did it contain genes known to be subject to gender-specific imprinting. We examined the impact of sexual dimorphism on muscle gene expression, as this has not been reliably assessed before, and found 650 genes with sexual dimorphic gene expression (1%FDR, n = 89 per sex, Supplemental data S9) and this included 15% of the CORE-IS genes. Interestingly, the expression of a type II muscle fiber-type splice-variant (from the RYR1 gene) was lower expressed in women (Sup-plemental data S9); however, this prototype muscle fibertype biomarker (43) did not correlate with IS. Thus, with our global transcriptomic methods, a modest relationship between sex, IS and muscle gene expression is detectable; potentially reflecting small differences in fiber-type composition, along with environmental factors, and this may contribute to differences in T2DM risk and disease progression between the genders (122) . Far larger intervention studies, including many hundreds of both sexes, matched for physiological status, are required to robustly analyze if any variation in the responses to treatment reflects sexual dimorphism influenced genes, and thus this was not attempted in the present study.
Non-coding transcriptome generates novel insights into IS
Using RNA-seq, the Illumina Human BodyMap and Genotype-Tissue Expression Project (GTEx, (30) ) has reported a median count of less than 5000 lncRNA genes across a large number of human tissue and cell types (123), often with only a few hundred per tissue-type. The present analysis, which relies on a probe-level signal filter (study specificity), a secondary transcript-level 'noise' filter and confirmation that the low-end of the dynamic expression range equates to known low-expressed RNA and proteins (Supplemental data S10 and raw data), demonstrates the advantages of our new approach to customising array processing to tissue/study specific patterns of RNA detection. Further, based again on RNA-seq observations, there is a belief that lncRNAs are expressed in a highly cell-type specific manner. For example, the lncRNA antisense for PDX1 (PDX1-AS or 'PLUTO') -promotes expression of PDX1 in in ß-cells via regulation of chromatin -is down-regulated in T2DM (45) . While reported as 'ß-cell specific', we observed PLUTO to be expressed in skeletal muscle at a value equal to islet cell-line HTA 2.0 data (EndoC-ßH1 cells), while PDX1 is 8-fold lower expressed in muscle than in islets (Supplemental data S10). Thus, while there are clearly further methodological factors to consider before we have a definitive view on the human transcriptome, the present analysis indicates that current representations of the ncRNA transcriptome by the Illumina Human BodyMap and GTEx are far from comprehensive, with reported tissue specific expression patterns being inaccurate. Notably, the IS-related ncRNAs in the present study are equally expressed in muscle, islet cells and adipose tissue ( Figure 6 and Supplemental data S3) implying that they have the potential to impact on multiple aspects of insulin biology.
Akerman et al recently reported that modulation of lncRNA in islet cells impacts genes expression both in cis and trans, and impacts insulin production and secretion in vitro (45) . Further, six ncRNAs were dysregulated in islet samples from people with impaired glucose tolerance and T2DM. Of these ncRNAs, we could only locate AC009487.1 in the current reference genome, and this gene was not detected in skeletal muscle. We did find in vivo regulation of ncRNAs in relation to peripheral IS before and after treatment aimed at improving IS ( Figure  2 ; Supplemental data S3, S5, and S8). Strikingly, eleven ncRNAs were regulated by treatment and some directly in proportion to IS improvements; these included PRKCQ-Nucleic Acids Research, 2018, Vol. 46, No. 15 7787 AS1, which is anti-sense to the gene coding for PKC-, a known regulator of insulin signaling and also a drugtarget for T2DM (83) (84) (85) . We were one of the first groups to report in vivo interactions between lncRNA and a cisexpressed protein coding gene in humans (124) . In the present study, we found that expression of PRKCQ-AS1 and the mRNA for PKC-(PRKCQ) co-varied in vivo (Figure 2) --although the slope of the relationship indicates a modest interaction. In vitro loss of PRKCQ-AS1 was associated with greater expression of PRKCQ ( Figure 2D , (P = 0.05, n = 12 transfections). This suggests that PRKCQ-AS1 may act to maintain a relatively constant level of PRKCQ, despite fluctuations in transcription from that locus. Like other sense-antisense partners, e.g. PDX1/PDX1-AS, coexpression can also be reflective of regional chromatin status and hence transcription from that genomic locus (45) . A ncRNA antisense transcript at the Sorbin and SH3 domain containing three (SORBS3) loci, AC037459.2, was also related to fasting IS. SORBS3--which codes for the protein vinexin--is down-regulated in the muscle of obese individuals, with a 5-25% increase in cytosine methylation at the SORBS3 locus (125) . Nonetheless, despite changes in expression of ENTPD1-AS1, NPSR1-AS1 and TTN-AS1 being positively associated with improvements in IS, and negatively associated for ATP13A4-AS1 and RORA-AS2, transcripts at the SORBS3 locus were stable to clinical intervention in our analysis. Further, detailed studies are merited, especially with respect to the complex PRKCQ-AS1/PRKCQ locus, given the importance of PKC-for insulin biology (84) .
Quantitative measures of RNA and interpretation of metabolic disease GWAS loci
Notably, when we compared the CORE-IS list with a recently published study that appraised extreme IR in a small group of obese individuals there was 100% concordance for directionality for the genes in common to both studies (Supplemental data S11, (126) ). This would support the interpretation that the present CORE-IS signature represents the natural trajectory of obesity-related metabolic disease and, due to the continuous/quantitative nature of RNA data, we believe that the CORE-IS signature is potentially suitable for use as a drug-screen aimed at finding treatments for improving IS. So far, the majority of genome-wide association markers related to human disease do not occur within the sequence coding the processed transcript, but rather occur at regulatory regions potentially impacting on transcription, as well as RNA stability and translation (127) . There has been limited progress moving from GWAS loci candidate regions to the identification of the potential gene responsible for the clinical associations, partly reflective of extensive linkage disequilibrium (14) . Thus, identification of 45 GWAS-MD genome-wide significant loci (plus an additional nine GWAS significant from the network-analysis and >150 statistically weaker associations) indicates that network modeling of RNA (77) provides an opportunity to examine the continuous quantitative relationship between a genomic disease risk loci and the phenotype in question, something that is not possible with DNA sequence alone. It is important to state that there were no occasions when a CORE-IS gene only occurred at non-GWAS-MD gene using the Type 2 Diabetes knowledge portal (it contains GWAS results beyond metabolic disease). Further, in ∼5% of occasions GWAS-MD significant CORE-IS genes were associated with a non-metabolic disease at the 'GWAS' or a 'suggestive association' level, (but in most cases this nonmetabolic phenotype was 'Height', which is related to body size and BMI calculation).
Gibson et al has demonstrated that global eQTL analysis can be an effective strategy for identifying the functional gene at GWAS loci for individual diseases (128) . Indeed, large scale eQTL analysis of adipose tissue samples provides support for 14 of the GWAS-MD loci mentioned above, of which 7 increased the risk for T2DM. Genotypetranscript associations have also been observed in human pancreas islets, using cis-exon-eQTL mapping (129) ; where ∼2000 samples were required to identify an eQTL capturing 1% heritability (19) . Van de Bunt et al. reported 2341 (or 6% of RNA-seq detectable genes) with an exon-eQTL within 250 kb of the transcription start site (an arbitrary distance) and 44 of these eQTL genes were related to peripheral IS in our analyses (Supplemental data S12). Further exploration of the CORE-IS gene-list using network analysis (77) in hepatic and adipose tissue would no doubt reveal additional commonalities across tissues; however, this will require new RNA datasets using RNA quantification methods consistent with the present study, which should overcome limitations in short-read RNA-seq (30, 37) , thus potentially circumventing some of the challenges faced when implementing eQTL methodologies (19) .
Network structures and dynamics responses of the CORE-IS genes
Using scale-free planar filtered network analysis (Table  3) , we mapped the network structure of the CORE-IS genes (77) . This approach--well suited to RNA profiles from a relatively cell-type homogenous tissue like skeletal muscle--reveals the regulatory interactions underlying insulin sensitivity as well as smaller functional sub-clusters of genes (modules). For example, we found GRB14 closely co-expressed with six additional genes, including an aromatic AA transporter--SLC16A10 (TAT1, Supplemental Figure S5 ). Using transcription factor analysis (63), we noted that four of these genes (GRB14, HOMER1, KPNA5 and SLC16A10) had HNF1A type binding sites (Z-score = 9.3); HNF1A occurs at a GWAS risk loci for T2DM (71) and loss-of-function of HNF1A is related to familial early-onset diabetes (130) . HNF1A type transcription factor binding sites were also enriched in CORE-IS genes differentially expressed following exercise-training (Z-score = 15.3) and interestingly polymorphisms in HNF1A are also linked to muscle histological phenotype (131) , while this transcription factor also plays an established role in the pancreas. This illustrates the potentially pervasive influence of disease risk genes across multiple organs and the layers of genomic variants which influence the regulation of the expression of the CORE-IS genes.
Unique to the present analysis, we were able to identify a molecular signature that is regulated in proportion to the success of clinical interventions aimed at combat-ing T2DM. A subset of 16 of the CORE-IS genes quantitatively related to improvement in insulin action in four diverse clinical studies, providing a major step toward identifying a molecular basis for the variable improvements in IS observed following standardized exercise/life-style interventions (48, 50) . One quarter were related to amino-acid metabolism (ALDH6A1, DHTKD1, LAT3 and MCCC1) and were positively linked to IS; four genes were 'substrate' metabolism genes (AGL, G0S2, KPNA2 and PGM2) involved in either blocking substrate mobilization or upregulating glycolytic capacity, all negatively linked to IS and four were located at GWAS significant loci. PRRX1 is involved in pancreatic developmental and modulating adipogenesis via TGF␤ activity (132), a key pathway involved in the positive cardiovascular adaptation to endurance exercise (20, 133) , was positively associated with IS responses. This 16-gene signature represents a potentially useful insulin-target tissue biomarker for examining the responses to novel treatments aimed at improving IS.
In many of the largest GWAS studies, variation in fasting insulin was related to BMI with a shared variance of ∼33% (86) and statistical adjustment for BMI facilitated GWAS analysis. Recent studies have linked (implied causality) risk phenotypes for IR (e.g. elevated BMI, fasting glucose, fasting triglycerides (TG) or reduced HDL (69)) with GWAS significant loci. This has led to the emerging concept of failure in 'adipose tissue capacity' to adapt to over-feeding, promoting ectopic muscle and liver IR (69). Lotta et al combined information from 53 loci associated with higher fasting insulin, as well as lipids; a 53-SNP genetic score which associated with poor insulin sensitivity in >7000 independent subjects and a 12% increased relative risk for T2DM (69) and a lower rate of peripheral adipose tissue 'accumulation'. This genetic estimate of IR status, was related to higher concentrations of all 3 BCAA's (134) and included 5 CORE-IS genes from the present study (GRB14, MCC, LPL, PPP1R3B and INSR). A gain of function mutation in the lipid 'mobilizing' gene, LPL, is associated with better IS and protection from T2DM (69) . Consistent with this, muscle LPL mRNA expression was positively associated with IS (n = 564, R = 0.35, FDR < 1%). It is understood that under normal physiological conditions in humans, a high proportion of body mass is attributable to skeletal muscle (∼40%), such that the same risk genes may relate to IS in both adipose and muscle tissue compartments, incorporating aspects of tissue plasticity that are common to adipose and muscle (20, 135) . Development and application of an appropriately validated multi-RNA risk-score will capture more clinical variance, and hence offers greater potential than the aforementioned 53-SNP genetic score.
In conclusion, based on the production and data modeling of a total of 1012 human muscle RNA profiles, as well as a new tissue-specific approach to substantially enhance the analysis of high-density DNA arrays, we produced a robust and highly validated global molecular model of human peripheral insulin sensitivity. The model revealed a novel interpretative structure for potentially exploring the dynamic interactions of metabolic-disease GWAS loci and, for the first time, illustrates the network interactions between the coding and non-coding IS transcriptome. Among other implications, this work lays the foundation for the discovery of novel biomarkers for metabolic disease and a tool for in vitro drug-screening.
